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Abstract. Traditional approaches to evolvable hardware (EHW), us-
ing a direct encoding, have not scaled well with increases in problem
complexity. To overcome this there have been moves towards encoding a
growth process, which however have not shown a great deal of success to
date. In this paper we present the design of a morphogenetic EHWmodel
that has taken the salient features of biological processes and structures
to produce an evolutionary and growth model that consistently outper-
forms a traditional EHW approach using a direct encoding, and scales
well to larger, more complex, problems.
1 Introduction
Evolvable hardware (EHW) uses simulated evolution to evolve circuits which are
then evaluated for their fitness in producing the desired behaviour as required for
solving a particular problem. EHW is generally implemented on reconfigurable
hardware, such as field programmable gate arrays (FPGAs), which consist of a
lattice of configurable logic blocks (CLBs), typically consisting of some arrange-
ment of basic logic gates, multiplexors, and flip-flops, that can be configured
to perform various digital logic functions. The functionality of the CLBs and
the connections between CLBs can be configured by downloading a bitstream
to the device to produce the desired circuit. FPGAs allow evolving solutions to
be tested in situ, which is well suited to embedded applications such as robot
controllers and image processing.
While evolvable hardware has proven to be successful in the evolution of
small novel circuits, it has been limited in its applicability to complex designs,
largely due the use of direct encodings in which the chromosome directly rep-
resents the device’s configuration. A practical approach to solving this problem
for specific application domains has been function-level evolution, involving the
use of higher-level primitives such as addition, subtraction, sine, etc. (see [1–3]
as examples). Although this scales the ability of EHW to solve more complex
problems, it comes at the price of higher gate counts, designer bias and loss of
potential novelty in solutions, thus countering some of the original motivations
for EHW.
A separation between genotype (the chromosome) and phenotype (the gen-
erated circuit), and a way of generating the phenotype from the genotype (a
growth process), is the approach taken by nature to evolve complex organisms,
and has increasingly been seen as a means of scaling EHW to more complex prob-
lems without losing its ability to generate novelty. By encoding a growth process,
known as morphogenesis, rather than an explicit configuration, the complexity is
moved from the genotype to the genotype-phenotype mapping. Although there
have been some successes with using morphogenetic approaches in generating
neural networks [4–6] and tessallating patterns [7], there has been little success
in EHW, and furthermore, existing approaches have not shown that morphogen-
esis does aid in scaling evolution to more complex problems.
We have undertaken an in-depth examination of biological development and
by extracting the features from this that we judged to be useful and applicable
to development within the constraints of EHW, we were able to come up with
a complete bio-inspired morphogenetic EHW system for the Xilinx Virtex se-
ries of FPGAs, that includes biologically inspired genetic operators, chromosome
structure and genetic code, along with cellular processes driven by gene expres-
sion and simple inter-cell signalling. Details of the design and design decisions
are given in section two. Section three presents the results of using our morpho-
genetic system and compares this with a traditional direct encoding scheme, and
in section four we conclude.
2 Design of a Cell-Based Morphogenetic EHW System
There are several issues that need to be resolved in the design of a developmental
system for EHW. What abstractions can be usefully adapted from biology to
EHW; what processes and structures should be emulated in a simulated cell;
how to map from a cellular model to the FPGA hardware and at what level of
abstraction should the hardware be manipulated; and, what genetic model and
encoding should be used. These issues are dealt with in the following sections.
2.1 Mapping to FPGA
The level of abstraction for evolution and development to manipulate the FPGA
resources can range from directly manipulating the bitstream, or the individual
configurable components, to manipulating higher level constructs, as in func-
tional EHW or with a hardware description language such as VHDL. We chose
to manipulate the FPGA at the logic-gate level, using the Java JBits API pro-
vided by Xilinx for the Virtex [8], so as to avoid too much designer bias and to
allow evolution freedom to explore novelty.
There is a spectrum of approaches as to how to map from a cellular model
to the underlying hardware of the FPGA. On one extreme it may be a totally
simulated cellular model, with no correspondance between the components and
processes of development and the underlying hardware, with only the result of
development being implemented on the FPGA. To the other extreme where all
aspects of development, such as proteins, signal pathways, etc, correspond to
actual physical resources on the FPGA. After an in-depth look at both the Vir-
tex architecture (see [9] for details) and biological developmental processes we
decided on a model in which the developmental process is closely tied to the
FPGA structure. Rather than trying to evolve or design simulated developmen-
tal mechanisms and structures, we directly use the underlying FPGA structure
for implementing much of the developmental process. For example, rather than
designing special signaling proteins and signal receptors, we let the FPGA rout-
ing resources act as signals to the connecting CLBs (see [10] for more details).
This approach counters some of the difficulties involved in having simulated de-
velopmental processes distinct from the underlying medium. Problems such as
the computational expense and arbitrariness of various aspects of development,
such as rates of diffusion of signal proteins, determining which proteins are sig-
nals, what the extent of signal spread is, and matching them to receptors, which
themselves need to be designed somewhat arbitrarily or evolved.
Cells too are mapped directly to the underlying FPGA architecture, so that
each cell may correspond to either a CLB slice or logic element, according to
the user’s specification. The decision to map to slice or logic element, rather
than CLBs, was made due to the functional independence of these elements in
the Virtex: logic elements are functionally independent for most functions, while
slices may either utilise two independent 4-input function generators or combine
these into a single 5-input function generator.
2.2 Biological Developmental Processes
Biologically speaking, development is the process by which a multicellular or-
ganism is formed from an initial single cell. Starting from a single cell, a simple
embryo is formed comprised of a few cell types organised in a crude pattern,
which is gradually refined to generate a complex organism comprised of many
cell types organised in a detailed manner. This model of the development pro-
cess is known as epigenesis, and is comprised of five major overlapping processes:
growth, cell division, differentiation, pattern formation and morphogenesis [11].
Growth brings an increase in the size of the organism through changes in cell size,
or cell division, or depositing of materials (such as bone) into the extracellular
matrix; cell division increases the number of cells, and may occur in conjuction
with, or independently from the growth phase; differentiation is responsible for
producing the cells with specialised structures and functionality through changes
to cells’ patterns of gene expression; pattern formation organises and positions
cells to generate an initially rough body plan which is then further refined by
morphogenesis, which is responsible for coordinating the dynamic behaviours
of cells in the developing embryo to collectively generate tissues and organs of
differing shapes and structures.
Although growth and cell division are essential in biological organisms, their
applicability to our EHW model is limited by the fixed mapping from cells to
hardware that we have chosen. The underlying FPGA hardware has a fixed
structure, with FPGA logic cells (CLBs) being fixed in both shape and in their
physical relationship to each other (having a regular matrix pattern), with only
their connectivity and function being variable. Although pattern formation is
not directly applicable for the same reasons, there are some abstractions from
pattern formation that are still relevant, such as axis specification and polar-
isation. In the biological process of pattern formation, one of the first tasks
undertaken in the embryo is to determine the principal body axis, and polarisa-
tion. This may be determined by the asymmetric distribution of maternal gene
products in the egg, or require a physical cue from the environment. For per-
forming morphogenesis in EHW, axis specification and polarisation may also be
inportant, and in our case is provided by axis specific simulated cytoplasmic de-
terminant molecules preplaced at run-time. Morphogens are chemical gradients
that produce graded responses from cells according to concentration. These are
the primary biological mechanism for determining location along an embryonic
axis. In our EHW system, simulated morphogens are also used for this purpose,
to give information as to a cell’s position relative to the input and output cells
on the CLB matrix.
The processes which are most useful to our model are differentiation and mor-
phogenesis, through which cells coordinate their behaviour. These two processes
are closely entwined, and both have gene expression central to their functioning.
Gene Expression The whole developmental process is largely driven and con-
trolled by the mechanics of gene expression. This is the process by which proteins
signal cellular state to activate genes, which in turn are able to effect changes in
cell state by the production of further proteins which may be used as signals or
cellular building blocks. This provides a view of the cell as a set of parallel pro-
cessing elements (genes) controlled by the interactions between their programs
encoded in the chromosome and their environment as represented by proteins
detectable by the cell.
There are two particular types of protein that have important roles in de-
velopment, these being transcription factors (TFs) and components of signaling
pathways. Transcription factors control gene expression by binding at sites on
the regulatory regions of a gene, hence playing a major role in the coordination
of developmental processes; whereas signaling pathways are necessary for cells
to be able to perceive external signals [11]. The mechanics of signaling pathways
are quite complex, and not necessary for EHW. What is necessary is that signals
from other cells can be detected and effect the expression of genes within the re-
ceiving cell. In our model all proteins are treated as transcription factors, so that
choosing which effect gene expression can be decided by evolution (via elements
that can bind at binding sites) rather than arbitrarily by the designer, how-
ever simulated TF molecules that are only used for controlling gene expression
are also provided and correspond to non-coding messenger RNA in higher-level
organisms, which are able to encode higher-level architectural plans [12].
Control of gene expression can take place at any of the intermediate stages
of transcription, RNA processing, mRNA transport, mRNA degradation, and
protein activity. Transcription of DNA, whereby the coding region of a gene
is transcribed to an RNA molecule prior to translation into a protein, is the
first level of regulation of gene expression and hence the developmental process,
and is generally the most important level of control in gene expression [13, 11].
As gene regulation at the transcription level appears to be the most important
level of gene regulation, and for reasons of simplicity and limiting computational
expense, we chose to regulate gene expression solely at this level in our system.
Furthermore, the results achieved by Reil [14] who used a gene expression model
with transcriptional regulation, demonstrated that gene regulation using a simple
model is able to produce many of the properties exhibited in nature.
Cell Differentiation Generally speaking, cells all contain the same genetic in-
formation, however, their specialised structures and functionality differ according
to the proteins present within the cell, and this is determined by which genes are
expressed. Differentiation is the process by which different patterns of gene ex-
pression are activated and maintained to generate cells of different types. Which
genes, and hence proteins, are expressed differs between cells according to what
cytoplasmic determinants are inherited at cell division, and what extracellular
signals are received. Cytoplasmic determinants are molecules, such as transcrip-
tion factors, that bind to the regulatory regions of genes and help to determine
a cell’s developmental fate (i.e. pattern of gene expression that causes the cell
to differentiate in a particular manner). Although cell division is not applicable
to our developmental model, the use of pre-placed cytoplasmic determinants to
differentiate cells, at specially designated IO cells for example, may be useful.
Induction, whereby a signal received from another cell is able to affect the
receiving cell’s developmental fate, is used to control differentiation and pattern
formation in development. An inductive signal may be used to instruct a cell
to choose one fate over others, or be required to allow a cell already commit-
ted to a particular developmental pathway to continue towards differentiation.
Inductive signals may occur over various ranges and may produce a single stan-
dard response in the responding cell, or a graded response dependent on signal
concentration, in which case it is called a morphogen [11]. Induction and other
forms of signaling (both from within and without the cell) can be readily applied
to EHW with fixed cell structures, and along with gene expression, are probably
the most important mechanisms of developmental biology in their applicability
to EHW.
Morphogenesis Morphogenesis is the process by which complex structures,
such as tissues and organs, are generated through the utilisation of cell be-
haviours. Cells are able to produce many individual and collective behaviours,
such as changes of shape and size, cell fusion and cell death, adherence and dis-
persion, movements relative to each other, differential rates of cell proliferation,
and cell-extracellular matrix interactions [11].
Obviously many of these behaviours are not directly applicable to develop-
mental processes in EHW where there is a fixed mapping between cells and the
underlying hardware structure. Cell behaviours here are limited to changes in
connectivity (routing) and function. Of the biological behaviours listed above,
only cell-cell and cell-extracellular matrix interactions are applicable to our EHW
system. Cell death, was not used in our system, but would be simple to imple-
ment, by disabling connections to and from the dead cell, and could be used
to isolate faulty regions of the underlying hardware. The notion of an extra-
cellular matrix, a network of macromolecules secreted by cells into their local
environment, also has some relevance to our system, for interactions between
cells and the matrix inducing differentiation. The extracellular matrix could be
used to correspond to the inter-CLB cell routing resources, specifically the pro-
grammable interconnection points (PIPs) used to connect lines from other CLBs
to lines that can connect to the local CLB’s inputs or outputs. Cell-cell inter-
actions, in contrast, deal only with directly connectable lines between CLBs. In
the current version of our EHW system, only directly connectable single-length
lines (between neighbouring CLBs) are used, providing cell-cell interactions, but
ruling out cell-extracellular matrix interactions.
2.3 Cell Model
Biological cells contain structures such as a cell wall to stop swelling or shrinking
and a cell membrane that allows the passing of small molecules, and are filled
with a substance known as the cytoplasm. These and other cell structures do
not need to be explicitly represented in simulated cells with a fixed size and
mapping to the underlying FPGA hardware. This also applies to the metabolic
processes required for cell maintenance in biological systems. We have chosen a
simple cell model loosely based on prokaryote (bacterial) cells, containing a sin-
gle chromosome, proteins and a number of RNA polymerase enzymes (currently
based on the number of genes in the chromosome). Ribosome, which is required
to translate messenger RNA to proteins, does not need explicit representation,
as the transcription-level gene regulation model we use only requires the simu-
lation of the RNA polymerase enzyme responsible for transcription. Translation
is treated as an indivisible part of the transcription process, which, although not
biologically correct, meets the functional requirements of our model.
There are three kinds of proteins detectable within the cell, two of which
are present in the cell, these being the simulated transcription factors and the
non-simulated FPGA gate-level logic settings, and the other is the receiving end
of a signaling pathway that corresponds to a shared FPGA routing resource.
All proteins that correspond to underlying FPGA gate-level settings, have one
protein per logic resource present in the cell (signaling pathways are present in
the originating cell), and these are present for the entire duration of the cell’s
life. Simulated transcription factors, however, don’t need to be unique within
the cell, nor does every possible TF need to be present in the cell, and TFs have
a lifespan.
2.4 Genetic Model
Chromosome Model In the design of the encoding of the chromosome and
genes, one of the first considerations was allowing a variable number of genes
and preconditions for their expression. Requiring a preset number of genes would
introduce unnecessary designer bias and constrain evolution’s ability to find
optimal solutions.
Another important factor that was taken into consideration is the importance
of neutral mutations and junk DNA. When a mutation to the genotype makes
no change to the resulting phenotype, this is known as a neutral, or silent,
mutation. This occurs frequently in nature due to the redundancy of the genetic
code (the mapping from the triplet sequences of bases of RNA, known as codons,
to amino acids), where a mutation (or “wobble”) at the third position in a
codon often codes for the same amino acid [15]. Neutral mutations are important
as they allow movements in genotype space with no changes in fitness, which
gives the population the ability to take mutations that are not immediately
beneficial. Thus the population is able to drift along neutral ridges [16], rather
than sacrificing its current fitness, which may significantly aid the evolutionary
search. Instead of becoming trapped in sub-optimal regions of the landscape a
population is able to continue moving through genotype space in search of areas
that allow further increases in fitness. Neutral mutations have been shown to
significantly aid evolutionary search for evolving telecommunications networks
[17] and evolvable hardware [16, 18].
Junk DNA is used to denote sections of the chromosome that have no func-
tion, and so can collect mutations, but may later be activated. This may happen,
for example, through gene duplication where a mutation on a gene’s promoter
site deactivates that gene (acting as a gene switch), allowing neutral mutations
to take place on the duplicate, which may later be reactivated [19]. See also the
work of Burke et al. [20] on the exploitation of variable length genomes for utilis-
ing junk DNA, and Harvey and Thompson’s work which utilised ‘junk’ sections
of the genome in EHW [16].
To exploit these factors we decided on a variable length chromosome and
a base-4 encoding along with a codon-based genetic code. A variable length
chromosome allows evolution to decide how many genes are required for the
problem at hand, while also providing space for junk DNA. A base-4 chromosome
was chosen as it allows us to constrain the mutation operators and gives more
redundancy for neutral mutations. A codon-based genetic code was decided on to
facilitate neutral mutations on genes’ coding region: most single base mutations
will result in either no change or a change to a related gene product, especially
for mutations in the third base of a codon.
Gene Model Genes are bounded by initiation and terminator sites. The initi-
ation sites contain zero or more regulator regions and a promoter region. RNA
polymerase recognises promoter regions as starting points for gene transcription,
which continues until the terminator site is reached. Regulatory elements control
where and when the gene is transcribed, and the rate of transcription. With this
in mind a gene structure loosely based on that of prokaryotes (in particular the
operon model) was decided on, giving a gene structure as shown in Figure 1.
Fig. 1. Gene Structure
Enhancers and repressors are determined by their location on the gene rela-
tive to the promoter. Enhancers are located upstream of promoter, where they
act to attract the polymerase enzyme for gene transcription, while repressors
are located between the promoter and gene coding region, thus blocking poly-
merase from transcription. Transcription factors (either simulated or proteins
that correspond to the underlying FPGA hardware resources) bind to repressors
and enhancers to effect the activation of the associated gene. Within regulatory
regions (enhancers and repressors), there are bind sites to which these can bind.
These are identified by special signature sequences, allowing a variable number
of bind sites per regulator. FPGA resources are able to be bound to several bind
sites concurrently, but TFs are only able to bind to a single bind site, and remain
attached for their remaining lifespan.
The gene coding region encodes for FPGA gate-level logic and simulated
molecules, and allows multiple of these to be encoded per gene. There are, how-
ever, no introns and exons, only a sequence of codons which encode gene prod-
ucts. A start codon, analogous to the AUG start codon in nature, is used to
indicate where to start transcription, and a stop codon (eg UGA, UAA, UAG)
is used to indicate where transcription terminates. Gene products are decoded to
an intermediate format (analogous to a chain of amino acids) by mapping each
resource type (such as ’LUT’) and attribute (eg LUT ’F’), to a specific codon,
as given in the genetic code, and then by further decoding that resource’s set-
tings (eg a 16 bit LUT configuration) from the following codons according to
the resource’s own code. This format is then further decoded to produce JBits
class constants and settings values for manipulating the FPGA configuration
bitstream. Our genetic code was specifically designed for use with EHW systems
where the number of resources to be set per CLB is not predetermined, such as
when encoding a growth process.
Binding of FPGA resources to bind sites on genes’ regulatory regions is done
using a related coding scheme, with the only difference being in the first codon of
the code, which differs slightly to allow the differentiation between local-to-cell
FPGA resources, and connecting resources which may have the originating cell’s
state queried, as required for implementing signalling pathways.
Genetic Operators Evolution cannot occur without genetic operators to search
the genotype space. The most commonly used operators in evolutionary compu-
tation are crossover and mutation. Although these were inspired by biological
counterparts, biological crossover in particular has little resemblance to its sim-
ulated operator. In nature crossover requires two DNA molecules with a large
region of homology (nearly identical sequence), usually hundreds of base pairs
long, so that the exchange between two chromosomes is usually conservative [21].
Taking inspiration from this, we have implemented a homologous crossover op-
erator that uses a variant of the longest common substring, implemented using
Ukkonen’s algorithm for constructing suffix trees in linear time [22], but with
a random common substring being chosen and biased towards longer matches.
1-point crossover is then performed at the boundary of the randomly chosen
subsequence.
Mutation in our system is also biologically inspired. Mutations of a single
base may involve a mutation of an existing base to another character in the DNA
alphabet, and may be of two kinds: transversions (A-T or G-C) and transitions
(A-G or T-C). Many of these mutations will have no effect on the encoded protein
due to the redundancy of the genetic code, and thus aid in evolutionary search.
Other mutations may involve the insertion or deletion of bases in a sequence,
which may cause a frame shift in the codons downstream, and will have a serious
effect on the encoded protein which is generally deleterious [21]. Another type
of mutation involves the reversal of a section of the chromosome and is known
as inversion. We have provided analogs of each of these kinds of mutation.
3 Experiments
This set of experiments is aimed at testing whether our morphogenetic system
can successfully generate complex circuit structures and to compare its perfor-
mance and scalability against a direct encoding. We ran two sets of experiments,
the first involved routing on a 5x5 CLB matrix (containing 100 cells) from an
input in the center of the west edge of the matrix to an output at the center of
the east edge of the matrix. Evolution must also connect the input and output
cells to dedicated routing CLBs on the outside (of the evolvable region) neigh-
bour. For the second set of experiments we increased the size of the CLB matrix
to 8x8 (containing 256 cells), and the number of inputs and outputs to 4 each.
Inputs are placed in the center of the West edge of the CLB matrix, 2 input
locations per CLB, while outputs are spread evenly across the East edge of the
CLB matrix, requiring evolution to learn not just how to connect horizontally
across the matrix, but also how to spread vertically from the middle outwards.
To route from inputs to outputs would generally be trivial, and so we have
severely constrained the routing lines available. Each cell is mapped to a logic
element, giving 4 cells to a single CLB. Each cell is then limited to a slimmed
down subset of resources, with only one input used per LUT, giving 4 possible
LUT functions (output 0 or 1, pass or invert signal). Each cell is able to drive
the input of a LUT in 3 or 4 of the neighbouring CLBs. The set of lines available
to each cell were chosen such that it is not possible to directly route horizontally
from the West to East edges of a CLB matrix, and it is also necessary for lines
to be routed through each of the 4 distinct cell (logic element) types. Fitness,
in both experiments, was based on how much progress was made in routing a
signal, possibly inverted, from the inputs to the outputs, noting that we don’t
care what the relationship between the different inputs and outputs are, only
that all inputs are connected and one or more of these drives the outputs. See
[10] for more details on the FPGA resources allocated to each cell type and the
algorithm used for calculating fitness.
For each set of experiments twenty evolutionary runs were done with a pop-
ulation size of 100 and using a steady state genetic algorithm with tournament
selection without replacement. The crossover rate was set at 80%, mutation at
2%, inversion at 5%, and for the variable length chromosomes used with the
morphogenetic approach, a base insert/delete rate of 0.1% was used with 50-
50 chance of insertion or deletion. Each evolutionary run was continued until
a solution with 100% fitness was found or until a sufficient number of gener-
ations had passed without an improvement in the maximum fitness attained
(1000 generations for the first set of experiments, and 1500 with a minimum
of 5000 generations for the second). For the morphogenesis approach, growth
is done for a minimum of 30 steps, with fitness evaluated at each step, and
growth continued if the maximum phenotype fitness for this genotype increased
in the last 15 (minimum growth steps/2) growth steps, or if phenotype fitness
is increasing. The genotype’s fitness is given by the maximum phenotype fitness
achieved during growth. Note that TFs and morphogens were not used in these
experiments.
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In the first set of experiments the direct encoding approach was able to find
a 100% solution in 13 out of the 20 runs, with the average number of generations
required for successful runs being 531.0769 with a standard deviation (SD) of
340.5768. The morphogenetic approach was able to find a 100% solution every
time, and took an average of 458.5 generations (SD=283.9556), 36.95 growth
steps, and had on average 9.9 genes and a chromosome length of 5690.35 bases.
In the second set of experiments the morphogenetic approach was again able
to find a 100% solution on each run, taking an average of 1001.7 generations
(SD=510.5647), 49.95 growth steps, and had 5.65 genes and chromosome length
of 3461.4 bases. The direct encoding approach, however, was unable to find
any 100% solution, with maximum fitness values reaching a mean of 86.6406%
(SD=3.0930%), and taking on average 4647.1 generations (SD=1756.9). The
highest fitness achieved by the direct encoding approach was 93.75% which oc-
curred at generation 9954. This run was continued up to 35,000 generations and
reached a maximum of 96.875% at generation 16,302. Figure 2 show the mean
maximum fitness over all runs for both approaches on the two experiments (up
to generation 5000).
From Figure 2 it is evident that the morphogenetic approach (denoted by
MG) not only outperforms the direct encoding approach (denoted by GA), but
also scales very well, with the more complex problem (MG8x8) keeping pace
with the simpler problem (MG5x5) up until the last few fitness percentage points
where there is a lag of around 800 generations until it catches up. This is in com-
plete contrast to the direct encoding approach, where it took 5000 generations
to reach the same point that took 500 generations on the simpler problem.
4 Conclusion
In this paper, we have introduced our morphogenetic system for evolvable hard-
ware and shown how we chose its key characteristics based on an in-depth inves-
tigation of biological developmental and genetic processes. By closely coupling
the gate-level state of the underlying hardware with a simple, yet flexible, gene
expression model to drive development we have avoided introducing too many
assumptions and overheads, while allowing a great deal of redundancy for neu-
tral pathways through evolutionary space, and have come up with a system that
not only outperforms a standard direct encoding approach to EHW, but scales
well to increases in problem complexity.
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